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INTRODUCTION
A central theme in modern materials science is to identify materials with properties tailored to specific applications. However, materials selection is severely hindered where accurate physical models of functional properties are unavailable. Discovering catalyst chemistries with unprecedentedly high activities for the oxygen evolution reaction (OER) is a prototypical example of materials design that has struggled with an efficient path to progress for this reason. 1 To date, two main approaches have been used to determine material candidates from both experimental and computational catalysis work. On one end, quantitative structure-activity relationships (QSARs) have related the OER activity of catalysts to simple chemical frameworks 2, 3 and/or adsorption energetics from density functional theory calculations [4] [5] [6] (i.e.
descriptors). This approach provides physical insights but explores a select few compositions out of the large potential chemical space, limiting reliable testing of predictions. 7 Consequently, such studies have primarily succeeded at rationalizing observed activity trends rather than predicting them. On the other end, high-throughput combinatorial experiments have enabled a much wider investigation of material compositions. [8] [9] [10] 12 Combining these experiments with objective benchmarking 13, 14 is one approach to screen OER catalysts for a broad range of chemistries with self-consistent measurements. 15 However, detailed characterization and understanding of the physical origins responsible for OER activity are often lost at the expense of broadening the scope.
One promising way to address these limitations is to synthesize and learn from the wealth of rigorously collected data from different experimental studies. The statistical learning paradigm is a growing research direction in materials science [16] [17] [18] that embraces this approach. Specifically, supervised learning methods have gained traction as a large-scale approach for mapping 4 constituent properties to system properties using historic data. 16 While the technique has been applied for compositional design in topics such as bandgaps in optical and photovoltaic materials, 19 lattice parameters in perovskites, 20, 21 heterogeneous catalyst performance, 22, 23 and zeolite synthesis, 24 its use has been notably absent in the field of oxygen electrocatalysis.
In the case of OER catalysts, QSARs have largely focused on descriptors that may control the surface metal (M) -oxygen (O) bonding, which dictates the OER activity. 1, 4 Dating as far back as 1977, highly active oxides for the OER have been linked to a large number of parameters, including the transition-metal redox couple, 25 electrical conductivity, 25 transitionmetal d-electron count, 26 transition-metal e g occupancy, 2 metal-oxygen covalency 27 (a.k.a charge-transfer energy 27, 28 ), σ*-band filling, 3, 29 oxidation state, 5 and O p-band center. 6, 30 The field thus stands to benefit greatly from understanding the relationships among descriptors and identifying the most influential one(s).
Here we demonstrate how statistical learning can be used to address ambiguities in the reported descriptors for OER activity, as well as complement modern materials informatics tools such as the Materials Project 31 to enable large-scale oxide screening. In this study, we focus on oxides in the perovskite family (ABO 3 , where A is a rare-earth or alkaline-earth metal and B is a transition metal) to demonstrate the statistical method. Compiling 101 OER activity measurements on 51 unique oxide chemistries from previous works 2, 6, 26, 29, 32 and our own experimental measurements, we assess the predictive power of structure-activity descriptors proposed to date and find that they generally have poor predictive accuracies when used alone.
Factor analysis demonstrates that there are at least five types of descriptors that can influence the OER activity, with transition metal electron occupancy and metal-oxygen covalency having the strongest effect. Moreover, QSARS with up to nine descriptors produce the most accurate and precise predictions, demonstrating the need to consider multiple descriptors. With these tools, we demonstrate how statistical learning can be used to draw novel physical insights and combined with data mining to rapidly screen OER catalysts across a wide chemical space.
EXPERIMENTAL METHODS

Data Preparation
In this study, we compiled 101 OER activity measurements on 51 unique perovskite chemistries from literature 2, 6, 26, 29, 32 and experimental measurements made for this work. The OER activity measurements made in this work used the same method published previously. 2, 6 For consistent comparisons between studies, the OER activity was referenced to the reversible hydrogen electrode (RHE) scale, and all measurements examined were performed in the pH 13-14 range. We assume that the choice of electrolyte in these studies (1.0 M NaOH, and 0.1 M and 1.0 M KOH) does not substantially modify the relative OER activities of catalysts, i.e. the mechanism does not change within the pH range or due to the choice of electrolyte cation.
Although OER activity is typically measured by its log-current vs. voltage response, there is no single metric for intrinsic OER activity (e.g. mA/cm 2 oxide under a given overpotential). The OER activities aggregated for this work use several different metrics, summarized in Table 1 . We note that the purpose of this study is not to identify detailed mechanistic insights, which may depend heavily on the pH studied. 33 Rather, we focus on understanding the key material properties needed for high OER activity. We also draw attention to some of the selection biases that occur in the data. Notably, the data is aggregated from peer-reviewed publications, which may bias the data set toward higher activity materials. In addition, 39 of 51 perovskites used in this study also contain varying quantities of lanthanum. Nevertheless, the data set includes a range of alkaline- 
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The Journal of Physical Chemistry   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 earth and rare-earth cation substitutions, allowing insights to be drawn regarding the influence of the A-site cation on the OER activity. The full data set -including oxide composition, electrolyte composition, OER activity metric, and OER activity -is provided as a .csv file in the Supporting Information. Here, we used a simple transformation to compare the OER activities reported using different metrics. As each study measured LaCoO 3 , all OER activities were taken as relative changes, with respect to LaCoO 3 : where y ij represents the OER activity of an oxide i in study j. After this correction, the data contained two different metrics instead of eight: relative overpotential and relative log-currentdensity. The difference in the units results in different spreads (Fig. S1 , Supporting Information).
To compare relative overpotential to relative log-current-density, the data were stratified into two groups based on their units. Each group was normalized by its respective standard deviation (σ k )
to obtain the same spread for the metrics (Fig. S2 , Supporting Information):
(relative OER activity) = ‫′ݕ‬ ߪ where k denotes whether oxide i has units of relative overpotential or relative log-currentdensity. All subsequent analysis was performed on this "relative OER activity" (referenced to While the transition metal alone is qualitatively useful for organizing the OER activity of perovksites, it does not provide strong predictive accuracy. For example, the data show that cobalt-based oxides can range over 2 s.d. in the relative OER activity. Below we discuss that QSARs can be used to provide physical insights into OER activity with high predictive power.
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The Journal of Physical Chemistry Figure 1 . Boxplot of the relative OER activities with respect to LaCoO 3 (units of standard deviations) for 101 measurements on 51 unique perovskite chemistries from literature 2, 6, 26, 29, 32 and measurements in this study. The data are sorted by median relative OER activity. Colors denote the transition-metal site chemistry. Lines illustrate the range of reported relative OER activities, the ends of the box show the first and third quartiles, and the band inside the box is the median. 
Regression Methods
We considered 14 descriptors for developing QSARs, and details can be found in Table 2 .
Although catalysis of the OER is dictated by the catalyst surface chemistry, which may differ in stoichiometry or crystallinity from the bulk, bulk electronic structure information and physiochemical properties that are more easily defined have been shown to strongly influence surface reactivity trends of oxides. 1, 5, 6 This observed correlation has been rationalized by the connections between the surface chemistry of these oxides in a given electrolyte, bulk thermochemistry, and bulk electronic structure, 34 but remains the subject of further study. The 14 descriptors in this study included bulk physical properties related to the metal-oxygen bond strength of oxides, such as chemical formalisms (e.g. transition-metal oxidation state), simple models (e.g. the Goldschmidt tolerance factor, 35 charge-transfer energy, 36 or Hubbard U 36 ), and experimental structural data (e.g. average metal-oxygen bond length). Although the chargetransfer energy and Hubbard U values used in this study capture general physical trends, they are not quantitatively accurate 28 because they require simple models to estimate them a priori.
28, 36
We thus make notes when results are semi-quantitative and should not be interpreted physically given these approximations.
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The Journal of Physical Chemistry The nominal number of transition-metal (B-site) eg electrons based on its formal oxidation state and spin state. For mixed transition metals, the more active transition metal was taken, per the eg rules described in literature. 2, 37 optimality of eg 2 The absolute deviation of the nominal number of transition-metal (B-site) eg electrons from the experimentally optimal value (1.2), as proposed in literature. The formal oxidation state of the transition metal (B-site). For mixed transition metals, the average oxidation state was taken.
optimality of tolerance factor The Goldschmidt tolerance factor (t) of the perovskite, calculated using the SPuDS software. Describes the ability of the crystal structure to accommodate the size of the ions (rA, rB, rO for the A-site, B-site, and oxygen ions, respectively):
Optimality is defined as the absolute deviation of the tolerance factor from its ideal value, 1.0. Average site ionic radii were used for mixed metal oxides.
M-O-M bond angle (ave)
The average transition metal-oxygen-transition metal bond angle.
M-O bond length (ave)
39, 40
The average transition metal-oxygen bond length.
M-M distance (ave)
The average transition metal-transition metal distance.
Madelung potential, M The on-site Madelung potential of the transition metal site (eV). Calculated using VESTA. 41 Madelung potential, O The on-site Madelung potential of the oxygen site (eV). Calculated using VESTA. 41 ionization energy The first ionization energy of the transition metal in its formal oxidation state. 36 Average ionization energy was used for non-integer oxidation states.
Hubbard U Estimate of the Hubbard U interaction between transition-metal d electrons, using values defined above. 36 charge-transfer energy
27
Estimate of the charge-transfer energy between the transition metal and oxygen atoms, using values defined above. 36 The charge-transfer energy is defined by the difference in transition-metal and oxygen electronegativities in the oxide. magnetic moment 42 The magnetic moment of the transition metal, defined using the total spin.
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The Journal of Physical Chemistry   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 To compare the prediction errors of different QSARs, the 101 measurements were randomly divided into training (81 points) and test (20 points) sets. The training set was used to fit ("train") the coefficients for the QSARs. Fivefold cross-validation (CV) was performed for each QSAR to determine optimal fitting parameters and select the most accurate model. The test data were then used to estimate how well the QSAR performs on data not used for fitting. All errors reported are mean absolute errors (MAE). Tables and figures of Five different linear regression methods were implemented to generate QSARs, as descriptor studies typically assume that linear free-energy relationships govern OER activity. 1 The regression methods studied in this work are summarized in Table 3 . All descriptor values were standardized prior to training the models to correct for differences in their scale. As a result, the coefficients from the regressions (β) correspond to the relative influence of descriptors on the relative OER activity. Test data relative OER activities and descriptor values were standardized using the means and standard deviations of the training data to simulate actual predictions.
Additional details on descriptor standardization are discussed in the Supporting Information. penalized methods ridge, 44 LASSO, 44 three elastic nets with mixing parameters α = 0.25, 0.50, 0.75 (designated EN1, EN2, and EN3, respectively), 44 and least angle regression (LAR) 45 latent variable regression factor analysis 43 optimized using the Kaiser criterion 46 ( Fig. S6 , Supporting Information) to aggregate descriptors via dimension reduction, followed by leastsquares regression
Predictive Mapping using the Materials Project Database
To map predictions of perovskite catalysts, we screened the relative OER activities of 101 firstrow transition-metal perovskites using the QSAR with lowest CV prediction error. The perovskites selected were mined from the Materials Project database 31 using the pymatgen Python library, 47 
RESULTS AND DISCUSSION
Relationships between OER descriptors
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We employed factor analysis to categorize the relationships among descriptors and identify those most effective at describing variations among perovskite chemistries. 48 The 14 descriptors are optimally reduced to five factors (Fig. S6 , Supporting Information), and their relative importance to each is given by the magnitude of their loadings 48 (Fig. 3) . Because each factor represents an underlying physical phenomenon that links the descriptors, they can be considered as descriptor families ( Table 4) . Descriptors with high loadings -including the number of d
electrons, e g occupancy, charge-transfer energy, Madelung potentials, and M-O bond lengthare therefore the most useful because they govern the changes of underlying physical properties.
The loading magnitudes also reveal unintuitive linkages among descriptors. In particular, although the M-O-M bond angle is a structurally defined descriptor, it is more strongly related to the covalency descriptors. The factor analysis thus provides a clearer interpretation of the physical consequence of tuning each descriptor, as well as the most important descriptors for each factor. Several descriptors like the optimality of e g and the optimality of the tolerance factor don't have strong loadings in any factor, suggesting that they poorly describe the physical differences among materials when used alone. Notably, descriptors like the oxidation state and ionization energy have weak loadings in two factors, which indicate that they are strongly correlated with many other descriptors. The multiple correlations are also evident from the correlation matrix (Fig. S7, Supporting Information) , where oxidation state and ionization energy are coupled to the most descriptors (7) . Strong correlations across factors therefore suggest that these descriptors are unsuitable for understanding the physical origins of OER activity, at least among the perovskites. Applying these methods across OER catalysts with a wider range of structures would allow for a broader study of the universality of these correlations across crystal families, such as the spinel, rutile, and/or pyrochlore oxides.
Comparing QSARs and ranking OER descriptors
We further evaluated various QSARs to gain deeper understanding of their predictive power and the relative importance of OER descriptors. Fig. 4 shows the CV prediction errors for the regression models studied, estimated using the MAE. The CV error is an estimate of the error when applying the model to new data and is necessary for selecting the most accurate model.
However, CV errors can overestimate the true prediction error; therefore, the prediction error was also estimated using the test data ("test error"), which provides a better estimate of the error magnitude. 7 Because the units of relative OER activity are standard deviations, the MAEs reported here are also in standard deviations.
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Electron occupancy and covalency have the strongest influence on the relative OER activity, which validates the use of electronic descriptors for the OER activity, 2, 4, 5, 26, 27 rather than 
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Despite their modest role in the factor analysis, the penalized models demonstrate that they actually play a fairly important role for generating good predictions.
In addition to identifying the most important descriptors, we also determined seven descriptors that are unnecessary for predicting the relative OER activity. These include properties such as the oxidation state, ionization energy, and Madelung potentials (all of which are more effectively captured through the charge-transfer energy), as well as the M-O bond length (captured by the tolerance factor) and exchange-interaction descriptors. The ability to rank and properly exclude potential descriptors is only made possible through large data sets and statistical learning methods that can deal with the strong correlations among descriptors. (Fig. S8) .
Applications of statistical learning and data mining tools
We conclude by discussing how this approach can complement the current materials design and selection process for oxide OER catalysts. A major advantage of obtaining larger experimental data sets is the ability to estimate reliable prediction errors for first-principle OER descriptors such as band centers. 30, 49 We perform such an analysis for the recently proposed O 2p-band center descriptor 6, 30 on a data set of 32 measurements on 12 oxide chemistries. The O 2p-band center values were calculated using the same method reported previously 6, 30 and are provided in the .csv file in the Supporting Information. The mean absolute CV error using fivefold CV was 0.634 ± 0.279 s.d., which is on par with using optimality of e g and chargetransfer energy as descriptors (0.592 ± 0.162 s.d.) and notably worse than the best-performing model (0.484 ± 0.035 s.d.). Thus, the O 2p-band center is a single descriptor that effectively describes both electron occupancy and covalency, but aggregating simple descriptors can still generate a more powerful predictive tool for identifying perovskite OER catalysts.
Another application is rapid virtual screening of relative OER activities. Because the models are simple to calculate using a priori descriptors, large-scale screening can be performed in short times. Using ABO 3 perovskites from the Materials Project database, estimates of the relative OER activity from the best-performing model (LAR) are illustrated in a heatmap in Fig. 6 . A clear trend with transition metal appears that is similar to that observed in Fig. 1 , where higher activities occur for late-transition metal oxides. Interestingly, isovalent substitutions of the A-site cation can have a moderate influence on the relative OER activity, which may be related to the influence of structural descriptors such as the tolerance factor and average M-O-M bond angle.
However, it is important to note again that these models are tools for identifying promising systems and exploring potentially interesting differences among materials; there remains a strong need to investigate trends using more physically meaningful approaches to fully understand the effects of perovskite chemistry on the OER activity. Figure 6 . Heatmap of relative OER activity predictions for ABO 3 perovskites using the bestperforming model (LAR) and data mined from the Materials Project database. Warmer colors indicate higher relative OER activity.
CONCLUSION
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